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Abstract; Layered edge computing, by operating collaboratively on resource — constrained edge devices and cloud servers, aims to
minimize inference latency and protect data privacy. However,even if the raw input data from edge devices is not directly exposed to the
cloud, sophisticated attacks targeted at edge data can still reconstruct the original private data from exposed local model outputs,
introducing serious privacy risks. To overcome these limitations,a new algorithm is proposed that amalgamates models from both the
edge and cloud phases, presenting qualitative directives for determining optimal aggregation time frames to reduce computational and com-
munication costs. Local differential privacy is implemented at the client and edge server levels to enhance privacy during local model pa-
rameter updates. Experiments on the CIFAR-10 and MNIST datasets demonstrate that the proposed algorithm outperforms standard FL
methods in terms of training accuracy, training time, and communication—computation trade—offs. It offers a promising solution to the
challenges of layered edge computing,enabling faster content delivery and higher mobile services quality.
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